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Abstract 
The Nordic power market is a hydro-dominated one, having in a normal hydrological year about 50% of its power production 
from hydropower. The hydro scheduling optimization that is being done by the large hydro producers in Norway and Sweden has 
strong impact on power prices in the Nordic area. Hence, methodologies that can better predict future inflow levels and power 
prices are of great value to traders, risk managers and others that are taking positions based on expectations of current and future 
hydro supply. The objective of this paper is to (i) present a modeling approach for forecasting power prices in hydro-based power 
systems and corresponding uncertainty levels that are caused by hydrological uncertainty, and (ii) to benchmark the forecasting
modeling system towards market data for the period 2010-1015. The hydrological models are built on the well-known principles 
of the hydrological HBV model. We have developed HBV models for the Scandinavia area, dividing the catchments into 23 
homogenous hydrological regions. Using precipitation and temperature actual and forecasts for a large number of meteorological 
stations, we simulate for net precipitation (precipitation minus evapotranspiration), inflow, snow, soil- and ground water and 
hydrological temperature, measured in energy units. The fundamental power market model (SDDP) uses these data to simulate 
market-clearing prices assuming profit-maximizing producers. The benchmark analysis shows that the market price forecasts 
generally have a good accuracy and on average has higher predictive power than the financial market when it comes to 
forecasting the actual, delivered prices for front week and front month power futures. 
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1.Introduction 
The Nordic power market is a hydro-dominated one, having in a normal hydrological year, about 50% of its power 
production from hydropower. The majority of the hydro resource may be stored in reservoirs, implying that hydro 
producers have the opportunity to choose whether to generate power to the market immediately or save the hydro 
resource to later periods. Due to the high hydro power share, the scheduling decisions made by hydro producers in 
Norway and Sweden have strong impact on power prices in the Nordic area [1]. Therefore, methodologies that can 
predict future inflow levels and hydropower supply will often help improve power price forecasts as well. This 
paper presents a framework for forecasting power prices in hydro-based power systems combining hydrological 
modelling, using the HBV model [2], and Stochastic Dual Dynamic Programming (SDDP) [4,5]. In addition, the 
paper provides a benchmark study of the SDDP model, which has been applied for forecasting the Nordic power 
market since April 2008†. The results included in this paper are from the period April 2015 to October 2015. 
2. Methodology 
2.1 Hydrological models - HBV 
The forecast modelling framework applies hydrological models to provide input data to the fundamental market 
model (SDDP described below). The hydrological models are based on the principles of the HBV model developed 
by Sten Bergström at SMHI in the seventies [2,3]. Point Carbon’s set of HBV models covers the Nordic area 
through 23 regional models; 11 in Norway, 11 in Sweden and 1 in Finland (fig. 1)‡.
Fig. 1.  Hydrological areas applied in the HBV and the SDDP model 2008-2011. From 2012, Sweden is divided in 4 regions corresponding to the 
Nord Pool bid areas. 
In the HBV model the effect of precipitation and temperature on gross precipitation energy, evapotranspiration, 
snow, soil- and ground water reservoirs, hydrological temperature and inflow are estimated based on observed data. 
For forecasting purpose, the estimated parameters are combined with temperature and precipitation forecasts as well 
† By Thomson Reuters Point Carbon in cooperation with PSR.  
‡ The calibration of the HBV models is conducted by Head of Hydrological Department Bjørn Sønju-Moltzau, senior hydrologist Stefan
Söderberg and senior hydrologist Mark Pearson.
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as information on the current hydrological situation with regards to snow, soil and ground water to provide inflow 
forecasts. Input in HBV models are based on daily precipitation and temperature observations from 128 unique 
weather stations in Scandinavia (Norway, Sweden and Finland). The first step in the calibration process has been 
based on an automatic calibration routine, and then step two has been a manual follow-up (final calibration) from an 
experienced hydrologist. Inflow figures are measured in GWh. 
2.2 Market simulation model - SDDP 
To forecast power prices in the Nordic region we apply a fundamental power market model based on Stochastic 
Dual Dynamic Programming (SDDP). The SDDP methodology, which was invented by Mario Pereira in the late 
1980-ies [4], is an extension of the commonly used SDP methodology, and is regarded as state-of-the-art within 
power market modelling in hydro based power systems.  
A complete description of the methodology is provided by [5] and PSR [6], but in short, the SDDP model 
estimates a lower bound for the future operating cost of the power system using so-called cuts (i.e. extrapolation 
planes) calculated from the shadow cost of the reservoir constraints using well established Linear Programming 
techniques. The shadow cost is found by solving the dual problem of the original cost-minimizing problem for 
simulated reservoir values. After an initialization procedure involving an assumed future cost of zero at all stages, 
new cuts are iteratively added to the next simulation of the power system operation and the resulting reservoir 
fillings become the extrapolation points for new lower bound planes. When the difference between the simulated 
operation cost and the estimated lower bound of the future cost at the first time period becomes smaller than a set 
criterion, the solution is considered to have converged, and no further cuts are added. At this point, we can assume 
that the future cost function has been sufficiently well approximated, and we run a final simulation for each inflow 
path to produce a complete set of scenario solutions.  
The main advantage of the SDDP model is that due to the extrapolation technique it requires less 
computational time per reservoir balance compared to the traditional method of discretizing reservoir levels and 
interpolating point estimates. As a result, the SDDP method allows a more detailed representation of the uncertainty 
of future inflow through the use of multiple reservoirs in the time-coupled optimization.  
Assuming that hydro producers’ incentive is to allocate the production to time periods with high prices, the 
objective of the model is to determine the sequence of hydro releases that minimizes the expected thermal operation 
costs along the planning horizon taking into account inflow uncertainty. The optimization problem is subject to 
several constraints, with the most basic ones being:  
1) The water balance constraint; securing that the reservoir level this period equals the reservoir level last 
period plus inflow minus generation and spillage 
2) The load-supply equation; securing that production equals consumption adjusted for net exchange to/from 
other regions and grid losses. 
3) Storage constraints; limiting the water energy that can be stored in the different reservoirs 
4) Thermal production capacity constraints; limiting the thermal production potential according to the actual 
production capacity in different areas 
5) Exchange capacity constraints; limiting import and export levels to being equal to or less than the actual 
physical capacities.   
2.3 Model application 
The SDDP model has been applied to forecast delivery prices in the Nordic power market since April 2008. The 
model simulations are performed weekly, and each new model simulation includes updated data on the following 
fundamental market data: 
1) Updated reservoir content for each hydrological region, based on observed inflow the latest week 
2) Updated forecasts on future inflow from the HBV models given the current hydrological situation and the most 
recent weather forecasts.  
3) Updated fuel and continental power price assumptions, based on the latest available closing prices in the 
financial market. 
4) Updated information on outages in the transmission grid and in nuclear plants in Sweden and Finland.  
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3. Data 
3.1 Regions, load levels and planning horizon 
The model is divided on regions according to the current bid areas defined by Nord Pool (www.nordpool.com). 
Regarding time resolution, the year is split into 208 (52 weeks times 4 load blocks) time segments. The load blocks 
are defined as: 
Off-peak I: Hour 1-8 on week days Peak: Hour 9 to 20 on weekdays
Off-peak II: Hour 21-24 on weekdays Weekend: All weekend hours
The model is optimized over a five years horizon; with the two last year’s being regarded as buffer years. 
3.2 Hydro power supply 
Until September 2011, the SDDP model of the Nordic region was divided into 15 hydrological regions, 11 
in Norway, 3 in Sweden and 1 in Finland. Each region had a certain reservoir storage capacity and corresponding 
generation capacity connected to the reservoir. Alert and flood control levels (minimum and maximum fillings) were 
imposed as constraints to the reservoir content over the calendar year.  
From September 2011 the Nordic region was divided by price areas, and hydro plants were grouped into 
four categories according to the degree of regulation in each area (run of river, low, medium and high degree of 
regulation). By this adjustment we are able to differentiate the initial reservoirs and hence get a better representation 
of the actual flood risk in the system. The unregulated inflow is assumed to be a fixed share of the total inflow, and 
the unregulated hydro generation is constrained according to the actual generation capacity for plants having less 
than one week storing capacity (relative to average inflow over the year). Inflow, reservoir and hydro generation 
data are collected from NVE, Svenska Kraftnät, SMHI and Fingrid. The hydrological models are used to generate 
inflow scenarios that are the basis for the uncertainty of future inflow. Figure 2 shows an example of the expected 
total inflow level and uncertainty intervals for inflow the first 52 weeks. 
Figure 2. Example of inflow, snow and soil forecast with uncertainty intervals for the Nordic region the coming 52 weeks.  
3.3 Other supply 
The supply side apart from hydro power consists of nuclear power, coal condensing power, gas power, power from 
CHP plants, wind power and some oil condensing power in periods with low hydro power supply and/or high 
demand. The SDDP model includes all power plants larger than 25 MW with their maximum generation capacity, 
fuel type used and efficiencies. Smaller plants are aggregated into one block per country. For nuclear plants, revision 
plans are based partly on scheduled outages reported to Nord Pool and partly on historical outage patterns since 
using the announced outages alone would underestimate the outage periods. For thermal plants, outages are 
expected to constitute 5% of the operational time.  
Wind speed levels, being the basis for modelling wind power generation are assumed to follow the seasonal 
normal from the period 1981 to 2005. Variations of wind power supply are implemented in the model. To generate 
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the wind power scenarios we have used actual weekly wind power output per price area in Sweden and Denmark 
and divided by the normal wind power production. We have then drawn scenarios randomly from this sample taking 
into account both the annual profile and the covariance between regions.  
Combined heat and power plants (CHP) are modelled to run on a seasonal schedule following the heating 
demand. Other plants are assumed to produce whenever the short run marginal costs (SRMC) are lower than the 
endogenously determined power price in the specific price area. 
Production/consumption Input data Stochastic properties 
Consumption Historical volumes Weekly PAR-6 stochastic model with autocorrelation and 
spatial correlation, correlated with inflow  
Inflow & run-of-river hydro 
production 
Current weather forecast and historical data combined in HBV 
model 
Weekly PAR-6 stochastic model with autocorrelation and 
spatial correlation, correlated with consumption 
Wind Assumed zero marginal operating cost. Actual and planned 
installed capacity. Historical production factors. 
Independent random production factor with seasonal 
variations 
Coal & gas production Traded future prices. Current availability based on Urgent 
Market Messages (UMMs) 
Deterministic 
CHP / biomass production Fixed prices, seasonal availability Deterministic 
Nuclear production Assumed near zero marginal operating cost, current availability 
based on UMMs 
Deterministic with availability factor 
Exchange to external markets Traded future prices, current NTCs based on UMMs Deterministic 
3.4 Demand 
A top-down approach is applied for power consumption: Annual consumption for the current year is estimated based 
on extrapolation of actual 52 weeks rolling temperature corrected consumption figures. The annual consumption 
level is distributed on the 52 weeks based on historical data. The weekly power consumption varies with the 4 
different load levels (off-peak I, peak, Off-peak II and weekend). Inelastic demand is applied up to a power price of 
€70/MWh. Thereafter, demand reduces by 1% per 10% increase in power price. Short-term variations in demand are 
implemented by creating synthetic demand series for all the current price areas in the Nordic region using historical 
temperature data, calendar effects, and added noise. These demand series are then coupled with our historic inflow 
series, yielding a fair correlation pattern between inflow and demand, both within and across price areas. 
3.5 Exchange 
All current and planned interconnection capacities between the price areas in the Nordic region are modelled as 
estimated upper bounds on the exchange volume commonly referred to as Net Transfer Capacities (NTCs). 
Exchange takes place if there are price differences between two areas, and the value of the transmission exceeds the 
cost of transmission losses. Exchange on the interconnection lines from Sweden to Germany, Denmark to Germany 
and from Norway to Netherlands are modelled using the latest forward curves for German and Dutch power price as 
a proxy for the future delivered power prices in those regions. The base and peak contracts are divided in the four 
load levels applied in the model based on historical deviation in night, day, evening and weekend prices. 
3.6 Linking HBV and SDDP 
Figure 3 illustrates how detailed and accurate inflow forecasts are generated in the HBV modelling system and then 
used in the SDDP model. The current state of snow, soil- and ground water reservoirs is the starting point. This 
information is combined with 25 years history of weekly temperatures and precipitation amounts and used to 
simulate 25 inflow scenarios for the coming 52 weeks in the HBV modelling system.  
Since the current state of snow, ground and soil water reservoirs is uncertain, we are defining two 
alternative starting points with respect to these variables; one having 5% higher starting levels and one having 5% 
lower starting levels (these percentages can be varied). These alternative initial conditions are then combined with 
the same historic data on precipitation and temperature to generate 50 (25x2) new scenarios for inflow the coming 
52 weeks. In total there are 75 inflow scenarios generated for each of the 15 hydrological regions. All inflow 
scenarios are linked to the current conditions for snow and soil and ground water and observed levels of temperature 
and inflow in the period 1981 to 2005.  
These inflow scenarios are then used in the SDDP model through a periodic auto-regressive lag-6 model 
(PAR-6) with spatial and seasonal correlations. In order to have sufficient detail in the forecast, the PAR-6 model is 
used to generate 160 scenarios based on the statistical properties of the HBV input series. The HBV PAR-6 
parameters are used for the first 40 weeks of the forecast period, and historical inflow observations are used to 
generate PAR-6 parameters for the remainder of the forecast period.  
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The SDDP model optimizes the use of the hydro resource over time given the current reservoir situation, 
fuel prices, consumption and so forth, and given the expected inflow and corresponding uncertainty. Due to the 
autocorrelation effect, the long-term storage of hydro resources and the effect of snow accumulation, the effect of 
the initial hydrological condition can be seen well into the second year of the forecast period.  

Figure 3. Linking HBV model output to input to the SDDP model. 
4. Results  
The benchmarking methodology currently employed for the SDDP model compares the result of the model at some 
point in time before a traded contract delivery period to the market prices for that contract at the time and the actual 
delivery prices for the contract period after the fact. If the model indicates the correct direction of the actual, 
delivered prices relative to the market, it is recorded as a positive gain and the difference between the market and the 
delivery is added to a cumulative measure of profit and loss (P’n’L).  
The benefit of this benchmarking method is that it allows for a completely unbiased evaluation. The 
drawback is that we need to take into account a large number of forecasts since each individual forecast is by nature 
a bet against the stochastic properties of the fundamental price drivers. However, if we re-run this sampling 
technique for a sufficient number of forecasts, the stochastic nature of the fundamental price drivers can be replaced 
by their expectational values, and we see if there is a positive or negative trend in the ability of the forecast to 
provide the correct signal.  
The benchmark analysis has been performed on a weekly, monthly, quarterly and yearly contract level for 
the forecast data since early 2010, but the SDDP model has gone through some major recalibrations in the period 
2010-2012. Before 2012, the first 6 weeks of the forecast (the PAR-6 seed period) had to be discarded due to 
technical limitations, and this impacted both the front week and to some extent the front month forecast. During this 
period, the use of reservoir filling guidelines set manually by the analyst running the model also impacted the 
analysis. However, during 2011, we implemented the changes to the reservoir regulation degrees explained in 
section 3.2 with hydro plants being grouped according to the scheme “run-of-river”, low, medium and high 
regulation degree, and since January 2012 the model has been running without any manual input or “analytic touch” 
with only upper and lower bounds set for each of the reservoir groups.  
If we look at the benchmark data from January 2012 to October 2015, we have 203 weekly front contracts 
to compare. If we include the monthly contracts from the period before the latest calibration changes described 
above we have 67 monthly front contracts, 21 quarterly front contracts and 4 yearly contracts considering the period 
from April 2010 to October 2015. Due to the stochastic nature of the benchmark methodology we need a high 
number of forecasts. We therefore only study the results from the weekly and monthly contract resolutions in detail.  
In the following figures we present data for the last forecast before the delivery period. It can be argued that 
for the shorter contracts (week, month), this does not show the long-term predictability, but since we are comparing 
to the market prices at the same time, the comparison is a fair measure of the accuracy of the model relative to the 
market. Also, these so-called front-contracts are the contracts that are most frequently traded, and therefore the most 
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relevant contracts to benchmark the model on.  
Figure 4 and 5 show graphical representations of the cumulative Profit and Loss (P’n’L) from 2012 week 1 
until 2015 week 47 for the front week contracts (figure 4) and April 2010 until October 2015 for the front month 
(figure 5) contracts. In these benchmarks it is assumed that a position of 1 MWh is made in the market based on the 
signal provided by the SDDP model in the last model run before delivery – i.e. if the mean price forecast is above 
the current market price, we assume that 1 MWh is bought in the market, and vice versa if the model forecast is 
lower than the market. We can see for both charts that there is a general upward trend, and with some exceptions, 
both the front week and front month forecasts have accumulated profit through the period. Notice that for the period 
2010-2012 where we did manual adjustments to the reservoir fillings, there seems to be more volatility in the Front 
Month forecast, whereas after 2012 the forecast appear to be more stable due to the configuration changes described 
above.
Figure 4. Cumulative calculated profit for the SDDP model simulation for the front week contract 2012-2015.
Figure 5. Cumulative calculated profit for the SDDP model simulation for the front month contract, 2010-2015. 
Figure 6 shows how the forecast signal is distributed over the year for the weekly contract. Along the x-axis we have 
the week number, 1-52, and on the Y axis we have the cumulative P’n’L for each of the years forecasted 
(2012/2013/2014/2015). As we see there is a tendency that week 1-10 is somewhat undefined, whereas in week 10 
to 40 there is a general upward trend in the P’n’L for all three years and in week 40-52 there is a downward trend. 
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Figure 6. Seasonal variation of the front week cumulative calculated profit for the SDDP model simulation.  
The sampling material is too limited to conclude that this is a definite pattern, but it shows a clear indication that the 
strongest period for the model is the early spring to beginning of fall period. This is in line with the assumption that 
due to the model resolution, it has limited ability to forecast the effect pricing that can occur over the winter. It could 
also be explained by the fact that the main strength of the model is in forecasting the hydrological uncertainty, which 
is most dominant during this period.  
The same chart for the monthly contract does not show the same pattern, but the sampling material is 
definitively not sufficient to make conclusions. If any conclusion should be drawn, it could be that the effect pricing 
is of less importance for the monthly resolution as it can have a strong impact in shorter periods (e.g. a week), but it 
is less pronounced for longer periods like the month.  
Figure 7. Seasonal variation of the front month cumulative calculated profit for the SDDP model simulation.  
5. Conclusions 
A power market-modelling framework designed for hydro-based power systems is presented and evaluated in the 
current paper. The framework includes the use of the well-known HBV modelling system applied at a detailed 
regional level in the Nordic system to generate a realistic inflow sample space the coming 52 weeks. The inflow 
sample is then fed into a state-of-the art fundamental power market model based on Stochastic Dual Dynamic 
Programming (SDDP), which uses inflow information together with a detailed description of other supply, demand 
and exchange in the Nordic power system to forecast power prices with probability distributions according to the 
hydrological uncertainty. The described modelling approach has been applied to forecast prices and production in 
the Nordic power market, at a weekly basis, since April 2008. The results of the study report how well the modelling 
approach has been able predict future spot prices since the recalibration of the model in 2012, and assess the 
forecasting accuracy taking into account divisions between expected values of important input variables such as fuel 
prices, availabilities of thermal power plants and weather conditions. 
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